Introduction
Teachers are one of the most important school-provided educational inputs (Hanushek & Rivkin 2010; Harris 2011) . Providing effective teachers to all students, particularly to students from traditionally disadvantaged backgrounds, may help to close achievement gaps and improve the quality of public education more generally (Harris 2011) . However, identifying effective teachers is difficult in practice (Harris 2011) . Value-added measures (VAMs) of teacher effectiveness are gaining popularity, but not without some controversy (e.g., Chetty, Friedman, & Rockoff 2014; Harris 2011; Sass, Semykina, & Harris 2014) . Intuitively, VAMs attempt to identify individual teachers' contributions to student achievement gains by conditioning on previous achievement (i.e., lagged test scores) in the hope that previous achievement acts as a sufficient statistic, or proxy, for the unobserved history of familial, educational, and individual inputs received to that point by students (Sass et al., 2014) . Indeed, whether value-added models adequately control for unobserved historical inputs is one of the fundamental concerns regarding the validity of VAMs (Chetty et al. 2014; Sass et al. 2014) .
It is reassuring that recent research on VAMs generally finds that simply controlling for lagged achievement yields reasonably good estimates of teacher effects (e.g., Chetty et al. 2014; Kane & Staiger 2008) . This result is consistent with the finding that most sorting of students to classrooms is based on lagged achievement (Chetty et al. 2014; Dieterle et al. 2015) . However, teacher and student sorting is only one potential source of bias. A less studied potential source of bias is unobserved contemporaneous student effort, which is likely to be at least partially outside teachers' control. Indeed, in a survey of Baltimore City Public School (BCPS) teachers, Balch and Koedel (2014) find that one of teachers' largest 3 concerns regarding VAMs is whether they will hold teachers accountable for the performance of students who are frequently absent.
Attendance is one measure of student motivation that is typically available in administrative datasets (Isenberg & Walsh 2014) , so there is no problem of missing data. Rather, there is a conceptual question as to whether and how value-added models should control for student absences when interest is in unbiased estimates of teacher effectiveness (Harris 2011; Noell et al. 2008) . On the one hand, at least some student absences are completely outside teachers' control (e.g., absences due to household shocks, illness, or inclement weather) and such absences should unambiguously be controlled for (Harris 2011) , as absences are known to reduce academic achievement (e.g., Aucejo & Romano 2014; Goodman 2014) .
1 On the other hand, recent research suggests that teachers affect student absences (Author 2016; Ladd & Sorensen 2014) , and absences caused by teachers are endogeneous "bad controls" that should be omitted from the econometric model (Angrist & Pischke 2009, p. 64) .
In practice, of course, the share of a given student's absences attributable to his or her teacher is unknown, leaving analysts with three imperfect options. First, as is done in the Washington DC (Isenberg & Walsh, 2014) and BCPS (Balch & Koedel, 2014) school districts, the value-added model could condition on lagged (previous year) student absences. This is attractive because it avoids the endogeneity concerns regarding contemporaneous absences, though is limited to the extent that past absences do not perfectly predict current absences. The concern is that changes over time in individual student's absence rates may be driven by 4 unobserved changes in health or home environments that also affect achievement. 2 For example, Author (2016) shows that about 32% of variation in student absences is within-student variation, and that the within-student SD in annual absences is 1.75 absences. This suggests that lagged absences are a good, but imperfect, proxy for current absences. Teachers in BCPS recognized this, and still asked for current-year absences to be included in the value-added model. Doing so is the second option available to practitioners. However, as noted above, contemporaneous student absences are endogenous and including them in the model will penalize teachers to promote student attendance. Finally, student absences could be completely excluded from the econometric model, at the risk of creating omitted variables bias.
Intuitively, each of the three options described above is imperfect in some way. Given that teacher buy-in is critical to the success of teacher evaluation systems and many teachers feel strongly about controlling for student absences (Balch & Koedel 2014) , adapting value-added models to include admittedly endogeneous contemporaneous absences might be a trade-off worth making if doing so does not substantively affect VAM-based rankings of teacher effectiveness. This note investigates the practical implications of conditioning on either current or lagged student absences by comparing VAM-based rankings of teacher effectiveness generated by three value-added model specifications: those that do not condition on student absences, those that control for lagged absences, and those that control for current absences.
I compare rankings rather than point estimates for two reasons: rankings are arguably more policy relevant and VAMs can yield valid rankings of teacher effectiveness even when the point estimates themselves are biased (Guarino, Reckase, Stacy, & Wooldridge 2015) .
Comparisons are made for a variety of model specifications using statewide administrative data.
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In all cases, VAM-based rankings of teacher effectiveness are quite robust to conditioning on student absences, suggesting that this is a relatively unimportant modeling decision when, as is often the case in teacher evaluation systems, rankings of teacher effectiveness are of interest.
Methods and Data
The data used to generate the VAMs analyzed in this note are thoroughly described in 
where i, j, g, s, and t index students, teachers, grades, schools, and years, respectively; y is standardized student test scores; x is a vector of observed student demographic and socioeconomic characteristics that sometimes includes either current or lagged annual absences;
c is a vector of classroom characteristics; θ, π, and ω, are teacher, grade, and school-by-year FE, respectively; and u is an idiosyncratic error term. Because within-or between-school 3 See http://www.childandfamilypolicy.duke.edu/project_detail.php?id=35. 6 comparisons of teachers are sometimes of policy interest, versions of equation (1) are also estimated that either remove ω from the model or replace it with a school FE (e.g., Goldhaber & Theobald 2012) . However, equation (1) is the preferred specification because the school-by-year FE control for variation across both schools and time in the length of academic calendars, weather and health shocks, and policies that either directly influence student attendance or the way that student absences are administratively reported (Author 2016).
For both math and reading achievement, equation (1) will be estimated by OLS three times, for three possible specifications of the vector x: excluding absences, including lagged absences, and including current absences. The resulting VAM-based rankings are then compared in three ways. First, comparisons are made via simple Spearman rank correlations. Second, I
compute the percentage of teachers who are above average in both rankings, and similarly for various quantiles of interest sometimes used by teacher evaluation regimes. Finally, because correlations and simple descriptives might mask large swings in rankings (Goldhaber & Theobald 2012) , I report transition matrixes that provide more nuanced views of the sensitivity of teacher rankings to controlling for student absences. Table 1 summarizes the sensitivity of VAM-based rankings of teacher effectiveness to conditioning on annual student absences. Rankings of the baseline VAMs generated by equation
Results
(1) are quite stable for both math and reading, regardless of whether the value-added model controls for current or lagged absences, and school-by-year FE, school FE, or no school FE. The
Spearman Rank Correlations are all close to one and teachers in the top (bottom) quartile or decile in the with-absence ranking are almost always in the top (bottom) quartile or decile in the no-absence ranking. For example, 96 to 97% of teachers who are in the top decile of the math ranking generated by value-added models that do not control for student absences are similarly in the top decile of the math ranking generated by value-added models that do control for contemporaneous student absences in each of the different school-FE specifications. This high stability rate is the same for the bottom decile of the math distribution, and is even higher for models that instead condition on lagged student absences. A similar pattern is observed in the reading results, which overall are a bit more stable than the math results.
Together, the results presented in table 1 suggest that across a variety of specifications, VAM-based rankings are robust to whether or not value-added models control for student absences. However, as noted in section 2, the descriptive statistics presented in table 1 potentially mask practically important changes in rankings (Goldhaber & Theobald 2012) . For this reason quintile transition matrixes are reported in table 2, where each matrix compares movement between rankings that do and do not adjust for annual student absences. The left column reports transition matrixes for math rankings and the right column does so for reading.
The first pair of matrixes compares current-absence to no-absence VAMs. Consistent with the summary statistics reported in table 1, the reading rankings are slightly more stable, though neither subject contains large swings. Each element on the diagonal is larger than 90%
and nearly all inter-quintile movement is to an adjacent quintile. The upper-left and bottom-right elements of these matrixes are even higher, between 96 and 98%, indicating that the classification of neither the least nor most effective teachers changes for the vast majority of such teachers as a result of controlling for current student absences.
The remaining pairs of transition matrixes shown in table 2 provide similar results that are again consistent with those discussed in table 1. The lagged-absence VAMs appear to be ever so slightly more stable than current-absence VAMs, there are no large swings in rankings, and 98 to 99% of teachers who fall in the bottom (top) quintile of one VAM-based ranking remain in the same quintile regardless of how, or whether, the model conditions on student absences.
Conclusion
This note fills a gap in the value-added literature by empirically examining the practical importance of controlling for student absences in value-added models when interest is creating rankings of teacher effectiveness. Administrative data from the large, diverse state of North Carolina conclusively shows that in several specifications, and for both math and reading achievement, controlling for student absences does not appreciably change VAM-based rankings of teacher effectiveness. Generally, these results suggest that this is a relatively unimportant modeling decision, at least in the primary school context in North Carolina. Administrators, practitioners, and policymakers might leverage this finding by working and communicating with teachers to ensure that teachers' concerns regarding the ways in which they are held accountable for the achievement of frequently absence students. Future work might conduct similar analyses in other states and districts, and in the secondary school context, where the causes and consequences of student absences might be different from those in primary school settings.
Similarly, future work might examine the sensitivity of VAMs to controlling for other measures and types of student effort, engagement, and motivation, or non-cognitive skills more broadly, that are influenced by teachers (e.g., Jackson 2013). (1) that either exclude student absences, control for lagged student absences, or control for current student absences. The baseline model conditions on school-by-year fixed effects (FE). *** p<0.01, ** p<0.05, * p<0.1. The North Carolina data contain 13,391 unique teachers. These models condition on school-by-year fixed effects.
